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I Pre-training ParN [ nmsesmmme

[ Pre-training ]

v v \
[ Data ] Model Training objective

P(x¢|x0, X1, .., Xp—1)

Autoregressive prediction of the next token

BIG DATA

Large-scale data

decoder-only

v Build a base model with general language understanding and generation capabilities.
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Curate prompts Supervi
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Q development evals

Build evaluation suite

Identify core skills

> 2. Reinforcement Learning (RL): _

A
C" unseen evals)

> 1. Supervised Fine-Tuing (SFT): use data with annotations to build the ability of instruction following

~ > optimize the model behavior to align with human preferences

. > promote the evolution of model autonomous reasoning ability
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I Background - RL PHI'NF_ EEUARIS S B

Concept Example
| S, T
\” e env- So
T * T = ap~7(:[sp)
* env- s,y
a . T,

MDP (Markov Decision Process)

Definition: (5, 4,R,P,y)

SES a€A 1 =R(stap)

Markov property: P(S¢4+1|S<t) Q<t, St, Qt)
P(s¢t1lse ae)

Policy objective:

](T[) = Ian~7T(-|SO) [T‘(SO, Clo) + ]/[E51~p(.|50’a0) [[Ea1~7't(-|51) [r(sl, al) + ]”
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MDP: (5,4,R,P,y) = Language-augmented MDP: (V,S,A,R,P,y)
J

vocabulary A specific token: w € V

S:ScvM s = (Wy, Wy, W3,...,Wy) Sp:prompt
A:Sc VN a= (Wi, Wy,...,Wy)
R:r = R(s,a)

P:SXV —>S s;.1=0(s;,w;) =(59,Wq.;41) auto-regressive paradigm

Token-level policy: T (W;|Sg, W1.i—1) Policy objective:
N
Sentence-level policy: m(alsy) = Hn(wilso’wl’i‘l) J(m) = Eg ~p [Ea~rc(-|so)[r(50r a)]]

i=1
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Prompts Dataset

p Prompt: s
Somand (etarernon) Canqmate answers: a4, a,, as, a,
Quality rank: a; > a, > a3z > a,
To
Train on &
sample, reward} pairs .
SRR & ) How can we optmize the model?
Sample many prompts
l J j J J l N Supervised learning: max log p(a4|s)

( ™\
Initial Language Model LOem \psum gk
sit amet, consecte}

(relative, ELO, etc.) U

Data waste & poor generalization

adipiscing elt, Aen{
Donec quam felis

vulputate eget, arcl

Nam quam nunc ‘

eros faucibus tmc.j Human Scoring

luctus pulvinar, he

|
A
AN

Generated text

A solution:
for each answers: max R; - log p(a;|s)
gradient: R;- Vglog pg(a;|s)

l

v' The policy gradient of RL
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The goal of policy in RL:  J(mg) = E;p, [R(7T)]
T

T
The policy gradient: Vo] (1tg) = Err, [z Vglogmg (as|s:)R¢], where R; = z yi
Sl t'=t

Single Step Vol (mg) = ESO~D,a~ﬂe(-|so)[r(5r» a)Vglogmg(a|sg)] = R;- Vglog pg(a;|s)

or A(sg,a) =1r(sg,a) —b

The goal of RL in LLMs is to fine-tune the pretrained model to maximize the probability of high-quality responses

J(g)
= Egyp|Earg(1s)[7(S0, )] — BDky (1o, Tref)]
- Sentence-level R(so, @) = r(sq, @) — flog mg(alsy)
T[ref(also)
‘ [ O mpwilsy)
TTp(W;|S
—ﬁzlog AL T <N
— T[ref(Wilso)
- token-level R(sq, W;) = 4 L

N
g (wils
r(so,a)—ZIOg 0 (WilSo) T=N
\ i=1
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Reinforcement Learning from Human Feedback (RLHF) Optimize model to align human preference based on the
x: "write me a poem about .
the history of jazz" = label rewards answers with manually annotated preferences

E - @

/—\
t__" > [—y. » reward model LM policy @
R N

'w

- =] 3 ®
preference data maximum sample completions

likelihood reinforcement learning ®

GPT-4/Deepseek-R1
2024

InstructGPT/ChatGPT Timeline

2022

RLVR [ Vel;ifia{?le”l:’er:\:?rd ] -

10 otherwise

e a;
Training SZ A BTN, pletions
- "’:uﬁ
data Pl()mplx LAY 7 A W B ALE , + aVad(my)
e X/ Policy Update

Automatically verify the answers to obtain rewards
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Prompts Dataset

Sample many prompts

L

(
Initial Language Model
e
&
1?)
@
\

\

Preference-based reward:

CE

P(a. > a,|s) =

loss

\

L(7)

Train on

{sample, reward} pairs

ParN.C

[ Reward (Preference) )

Model
'Y
9

xS

 * J/

oTe

Y
°Pe®

Outputs are ranked
(relative, ELO, etc.)

Lorem ipsum dolor
sit amet, consecte
adipiscing elt, Aony
Donec quam felis

vulputate eget, arc|

Nam quam nunc

|
%

eros faucibus tincid Human scom
luctus pulvinar, her
Generated text

exp[7 (s, ac)]

Bradley-Terry (BT) model

_E(s,ac,ar)~D [log p(ac > arls)]

exp[7(s, ac)] + exp[7(s, ar)]

_IE(s,ac,aT)~D [log(a(f‘(s, ac) - f'(S» ar)))]

ExtRA ST+ EiRRE
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|
mg(als) i
rr71tea}X Eg Ea~nozd( |$) [E( : (a|5}% s, a}]

s.t. Es[Dkr(mo1a(als), me (- IS))] <6

importance sampling

estimated based on a value model

o ( me(als)
old(s, a), clip - ld(als),l —€,1
(0]

mg(als)
To1a(als)

argmax EgEq 7 (15 [min <
6

+ nOl?Tq Cﬁq . crp A>
v restrict§ uc e model policy can change at each step

f Reference
Model

1('I,Il’

PPO
Reward
@_{ Policy Model |
Model ([ Value | -
| Model | v

7~
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I Algorithm - DPO ParN [: 1EURRIS % S FE

Reinforcement Learning from Human Feedback (RLHF) Direct Preference Optimization (DPO)
e et - label rewards s e £
$ © e o N F
— |>|=,| —> reward model LM policy # = B3 = > finalLM »
- ® R © e
- ) > (5] @
preference data maximum sample completions preference data maximum
likelihood reinforcement learning likelihood

- rewrite the objective maxE.~p yr [r(z,y)] — BDke[7(ylz) || mer(ylz)]

l

) 1
min By pEyn(ys) |log — m(ylo) 1 —logZ(x)| Z(x) =) mwi(ylz)exp (,—3'r(4v,y)>
‘Z—fz—)ﬂref(ylx) exp (‘g”’(ﬂf, y)) u *

. 1 1 2 T (yle)
o eXpIICIt I‘ewal‘d aF ) = ——Tre T)ex (—'r &, ) - F T, 1 ) = /j log ————— + .1’3 log Z(x
(ylz) 7@ f(y|z) exp 3 (z,y) (z,y 8 () g Z(z)
. .. 1
« BT model with explicit reward p*(y1 =y | ) =
1+ exp (;’3 log % Blog = = ('!’/ - ||:)))

) o (Yuw | ilf) mo (Y1 | T)
: e 4 1 ~o l 31 . l -
Lppro(me; Tref) = —E(z yu.41)~D lOgU (ﬂ og et (tiig | 2) — Blog —ﬂrer(‘.l/l )
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Supervised Fine-Tuning

. . &
((x%" W {(x. e, y) 0.0 {tx, o o
M g SFT Epochs WP;:\ @ unexplored CoT Sampled CoT =wwewe=
hs

Question Question

Model

e~Je-)
=)

:.'f':'%'
?
Pt II;?
SFT 197
-/} I

No human in the loop

Rule-based (Verifiable) reward: Format rewards:

: enforces the model to put its thinking process
Given a rule or a gold answer,

s< . >, s< . >,
r = R(s,q) between ‘<think>" and ‘</think>’ tags.

|0, if ais wrong
|1, if aisright
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irterm Recognition ang MEural Computing

Reference

Model

Reward
Model

Value
Model

PPO

Trained
Models
GRP 0 KL Frozen
Reference ] ) ) Models
g Ay

Model
r; Group A,
/7| Computation

Reward
Model

ol
Trro(6) = Elq ~ P(Q),0 ~ g, (0l)] 1~ Z
=1

Jorro(0) = E[q ~ P(Q), {0}, ~ mg,,(Olg)]
G

0,14 (Othl O<t) 76,14 (Othl O<t)

|o; |
i 1 { . [ﬂe(oit|q,0i<t) 2 E (”G(Oithroi«) ) ]
— —_— min ’ : A; ¢, cli : . ,1—¢,1+¢ — BDky |mgl|m
G & loil ; T0ua (0210, 06,0) " ¥ \Toygq (01214, 04,<0) [=ollres]
o o i mean(r)
Aie =T std(r)

v lower memory requirements and higher computational efficiency
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Tool-integrated reasoning

Datasets domain questions and high-quality CoT with using certain tool

enable the LLM to have the ability to follow

Base Model . : :
instructions and call the given tool

Final Model

Integrate external tools (such as code interpreters and search engines) to enhance the
reasoning ability of LLMs
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VL M Base Model P VLLM-RI Framework ~

Butld VEM Module ‘

We tnly use noa-ressening This o cur constructed

m open-ssurce grounding data camponent o suppart vaross ViMs
S I |
e '\ Only froin the model DR

E ‘ with 500 steps ¢ 3 |

fody wth the Thnks u'~'r‘mﬁ~ x

| bive shirt warvtwers_+/anpwers .

: - > ethisks o/ thinks

Question: Which item may have the potentiol - Q ek ey .VI.A;",”I_' ‘ x "htnk_‘ The moge shows a desk mith various (tems

fo short-circuit the loptopaPlease provide the s . < A including a loptop, a red mug, o notetcok, o pen holder,
an alarm clock, and o small potted plant, The rad mug is

tounding bex cocrdinate of this region Policy Model ,
~ . . p ethinds._ e thinks N ploced on the desk neor the loptop. Given that mugs
QuenV Intern\ /L. LLaVA, LiaMa etc idlddea T A : ¥ tan contoln liquids like coffée or tea, which could
Json — potentially couse demage f spilled onte slectror
{ devces, It 5 reasonabie to assume thot The red mug
{"bbox_2d": {647,103, 765, 306), .} AUndote summarize rewara might have the potential to short-circust the loptep if
] =pilled, «/think»

onswers"bbox_2d*: (379, 336, 558 520),. W onswers

Shen, H., Liu, P., Li, J., Fang, C., Ma, Y., Liao, J., Shen, Q., Zhang, Z., Zhao, K., Zhang, Q., & others. (2025). VIm-rl: A stable and generalizable r1-style large
vision-language model. ArXiv Preprint ArXiv:2504.07615.

VLA / simp'eVLA_RL é. ...... .\®Ro"°m ..... @In'endwnh:\
i B5” @ reedback (@ Feedinto |

Sample Task

‘ ! Online RL Framework
Traj. Success () 7 :}f
' raj.

® FrEm— © —
= ’Trnj,Fallure Q| ,:9 T,.,_ZA<_{ Reward: 0

Simulation Environment

Reward: 1 ‘

. 3 %} :
(Traj. Success &) Tral.3 |« Reward: 1 |

\\ﬁ 1 ) ~w"3®mm;vv "W]W“;/

SimpleVLA-RL Team. (2025). SimpleVLA-RL: Online RL with Simple Reward Enables Training VLA Models with Only One Trajectory.
https://qgithub.com/PRIME-RL/SimpleVLA-RL. https://github.com/PRIME-RL/SimpleVLA-RL
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A new generation of agents will acquire superhuman capabilities by learning predominantly from experience.
— David Silver, Richard S. Sutton. Welcome to the Era of Experience

» State Stream: Shift from "immediate response” to "lifelong learning" - ot [l
Wirite a python function that lmld:n‘:‘:ohm’or:vn:hop.
= Onnnm'snk.mdmu'm- h y D
R Bt -
iz e Would like to have a search bar and
Eﬁ: ﬂllhunnionlo"hahtd &‘Q foatured items.
Now hare is my solution: g’ '::;:“:::;::: - g
- that you look for
2

Multi-Turn interaction

» Actions and Observations: Expand the scope of action to achieve autonomous exploration in the real world
» Rewards: A hybrid reward mechanism combining grounded signals with dynamic user feedback

» Planning and Reasoning: More efficient mechanisms of thought learned from interaction experience
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Era of Simulation Era of Human Data Era of Experience

>

AlphaZero

R1-like LLM

Computer Use

aouabijeiul vewnysadns

Atari

Attention on Reinforcement Learning

2014 2016 2018 2020 2022 2024

Year

The use of massive amounts of human data as priors has finally enabled RL to generalize



I Absolute Zero

Reinforcement Learning with Verifiable Rewards Absolute Zeto (Ours

& f

PROPOSE '!

Supervised Learning

~ Construct & Estimate - I
Task Types <
Absolute Self-play | Abduction: @=@ (:7}) ,
Zero Deduction: {%i=@ (@)
Reasoner Induction: @=::(E) N
SOLVE 5 T, Accuracy
"3 R - Reward

— model input/output -==-=>» model reward

(@rogram, Enput, [@utput)

ﬁE‘EL”EU’ﬁ%Eﬁﬁﬁ'EEH e

ArtErm Feoponition and Moural Computing

ParN.C !

/ [npropose J construct program and give mputs

7\

[code interpreter] [ solve ]

| !

’
~. -
-
N e e e e e e e e e e e e e e e e o =

\
1
1
I
1
I
I
I
I
I
I
I
I
I
1
l
1
1
I

Zhao, A., Wu, Y., Yue, Y., Wu, T., Xu, Q., Lin, M., Wang, S., Wu, Q., Zheng, Z., & Huang, G. (2025). Absolute zero: Reinforced self-play reasoning with zero data. ArXiv Preprint ArXiv:2505.03335.
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